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Moving from Forecast to Prediction:
How Honors Programs Can Use
Easily Accessible Predictive Analytics to
Improve Enroliment Management

JosePH A. CAZIER, LESLIE SARGENT JONES, JENNIFER MCGEE,
MARK JACOBS, DANIEL PAPROCKI, AND RACHEL A. SLEDGE

Appalachian State University

INTRODUCTION

Most enrollment management systems today use historical data to build
rough forecasts of what percentage of students will likely accept an
offer of enrollment based on historical acceptance rates. While this aggregate
forecast method has its uses, we propose that building an enrollment model
based on predicting an individual’s likelihood of matriculation can be much
more beneficial to an honors director than a historical aggregate forecast.
Many complex predictive analytics techniques and specialized software can
build such models, but here we show that a basic approach can also be easily
accessible to honors directors where a small amount of data collection and
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basic spreadsheet software allow them to capture most of the benefits without
needing the skills of a data scientist.

The first step comes in understanding the difference between a forecast
and a prediction. A forecast is an estimate of a future event, generally in aggre-
gate form. For example, today I might forecast that our ice cream store will
likely sell 1,000 scoops of ice cream based on weather, time of year, day of
the week, and regional events—all useful information for staffing and inven-
tory management as well as profitability analysis. Historically, an honors
administrator might use this approach to predict the total number of students
matriculating to the university or to an individual program.

However, with predictive analytics one can acquire even more detail that
could be useful in a setting like an honors program where not just the total
number of “customers” matter but which ones will create a well-rounded,
diverse honors program with students from multiple backgrounds (Siegel).

In the ice cream case, a predictive analytics example might predict not
just how many total ice cream scoops might be sold but how likely each indi-
vidual is to buy ice cream. Deeper analysis might predict the type of ice cream,
time of day customers might come, and how frequently they might visit the
store. Predictive analytics might also lead to prescriptive analytics, where you
learn what might be done to persuade someone who was not planning to buy
ice cream to do so, e.g., what it might take to change a consumer’s mind so
that she will buy ice cream today or how we can we get her to buy two scoops
instead of one or to bring a friend.

This type of predictive and prescriptive analytics has helped many orga-
nizations improve their efficiency and effectiveness (Siegel), and we believe
that honors directors can also use it. In this approach, each potential honors
student would receive an individualized probability score reflecting his or her
likelihood of accepting an offer of admission. This score could still be aggre-
gated into a direct forecast of how many students would likely attend, but it
would also show the likelihood that any individual student would attend. The
scores could predict how many from a certain group (e.g,, science majors or
Hispanic students) are likely to attend. This information could help strategi-
cally determine scholarship offers as well as the staff’s time commitments to
recruitment and follow-up activities.

BACKGROUND

An increasing amount of data is being collected about potential students
when they apply for admission to a university. High school GPA, SAT scores,
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and extracurricular activities are all part of the admissions application along
with essays and other pieces of data about the student. Traditionally, this
information has been used to determine if a student is prepared for university
or qualified to attend (Mariz). However, developments in research method-
ology and technical capabilities have also made this information valuable in
recruiting efforts and in extending the optimal number of enrollment offers.

University programs that depend on enrollment and completion can
harness data analytics to manage yield and predict matriculation rates, sig-
nificantly improving efficient use of resources. Like most programs, the
honors program must sustain itself by predicting enrollment, attendance, and
completion. While honors directors can examine applicant information to
predict the best pool of potential students, the task may seem too daunting
and time-consuming given their numerous other responsibilities. In addition
to teaching a class or two, many honors directors manage entire programs
and act as liaisons to others. Also, most honors directors are tasked with opti-
mizing scholarship and resource usage. Directing scholarship awards to the
students most likely to attend, while at the same time leveraging scholarship
offers to attract the most qualified students, enhances an honors program’s
ability to enroll the most sought-after talent.

Factors Affecting Enroliment Decisions

Predicting an individual’s overall likelihood of accepting an enrollment
offer is precarious. Students who have not committed to a university usually
have an idea of where they would like to go, but a scholarship offer can per-
suade them to enroll elsewhere. A 2013 study conducted by the University
of California at Los Angeles concluded that financial aid offers affected the
attendance decisions of 46 percent of the incoming freshmen, with 43 per-
cent citing the overall cost of attendance as the main factor in their decisions
(Pryor et al.). Honors directors thus play a pivotal role in attracting top stu-
dents through scholarships and financial aid. Knowing a student’s likelihood
to accept an offer of admission to a given honors program may impact the
strategic use of financial aid to build the best incoming honors class.

Using Analytics to Predict Enroliment

Historically, honors directors have relied on personal interviews, pro-
fessional references, and written statements of intent in determining the
likelihood of a student’s accepting an offer. However, current capabilities
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within the field of analytics allow more informed decisions about potential
acceptance. Diverse data sets describing the high schools and geographic
locations of subject students can connect student demographics with socio-
cultural demographics. Matching these independent pieces of data to the
characteristics of the university allows for a more granular examination of
who is likely to attend and why.

Examining the characteristics unique to a particular honors program can
also allow deepened predictive capabilities in the admissions process. For
example, honors students tend to be goal-oriented academic achievers with
specific reasons for choosing a university. Using a combination of each dis-
crete piece of data, honors directors can estimate the probability of a student’s
accepting an ofter, thus optimizing enrollment by improving yield manage-
ment and recruiting efforts.

The Example Study

To illustrate the value of predictive analytics, our study uses data from a
mid-sized regional university in the southeastern United States. At the time
of this study, the university housed an honors program of approximately 800
students, with 150 entering freshmen and 80 internally recruited freshmen
and sophomores in later semesters. The average student who completes the
honors program has over a 3.45 GPA.

We use this example to describe the basic statistical and analytical
methods employed in an analysis of factors that influenced accepted honors
students’ decisions to enroll. Other universities, honors directors, or similar
programs can use the same basic process to predict more effectively enroll-
ment rates among accepted students. The findings in this study show the
importance of data integration in university recruitment and financial aid
operations as well as the applicability of one university’s methods to other
institutions.

THEORETICAL BACKGROUND
Enrolilment Management

Universities and honors programs struggle with extending enrollment
and scholarship offers to students who are unlikely to attend based on a mul-
titude of factors, including acceptance from a first-choice school, financial aid
availability, and a student’s preferred major (Pryor et al.). Enrollment manage-
ment is the strategy used by universities and other institutions in estimating
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an optimal offer pool that efficiently distributes financial aid opportunities
and deploys effective recruitment efforts; it is an institutional response to the
challenges and opportunities that recruiting and retaining the best student
body composition presents to a university’s financial health, reputation, and
student quality (Baker).

Along with maximizing the academic profile of incoming student bodies,
directors of enrollment management set goals such as increasing the popula-
tion of the university, striving to diversify the university based on factors like
race and socioeconomic status, and assuring availability of adequate housing
and student affairs resources for incoming students (Martin & Moore). In
pre-enrollment periods, the two main facets of enrollment management are
recruitment and yield management. Recruitment encompasses a university’s
effectiveness in attracting desired students, and yield management describes
the process by which enrollment directors optimize offer pools.

Recruitment Efforts

Honors and enrollment management directors must improve their
recruiting efforts in order to attract the best students to their universities. As
students are increasingly applying to schools that are farther away geographi-
cally, directors must take care about where they place recruitment resources
(“Trends in Higher Education”). Some large universities with sufficient fund-
ing resources expend more resources for recruiting nonresident students in
order to find potential high-quality freshmen and students who can afford
to pay out of pocket (Jaquette & Curs). The mad dash for nationwide and
worldwide recruitment creates intense competition among universities.
Aggressive recruitment efforts through online and social media advertising,
large financial-aid and scholarship packages, and value proposals based on a
school’s ranking are vital to capturing the greatest number of ideal students
from across the globe (Burd).

Moreover, students in the United States are showing a declining per-
ception of the value of a college degree (“Trends in Higher Education”).
As potential university students become more skeptical about the value of
a college degree, honors directors must become more creative in recruit-
ment methods to regain potentially lost students. More precise and effective
recruitment efforts also provide value to honors directors through cost reduc-
tions and resource optimization.

Given the importance of effective recruiting, honors directors should
directly interact with students to communicate the competitive advantages
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that their university enjoys over others (Ross & Carnes). As universities
compete to differentiate themselves to potential students, recruiters must be
dynamic in how they attract their desired candidate pools. Students’ deci-
sions on a choice of college are most likely influenced by campus-sponsored
individual tours of universities along with the availability of early applica-
tion benefits (Fischbach). Knowing the probability that a particular student
or demographic of students will accept an enrollment offer is essential in
deploying these recruitment techniques and can be improved by leveraging
the data provided by potential candidates.

Yield Management

For honors directors, one of the greatest challenges is choosing the best
offer pool with respect to scholarship and housing availability, demand projec-
tions, and the desired number of incoming students (Netessine & Shumsky).
The precision with which honors programs make admissions offers is crucial
in determining the success of the next class of students. Extending too many
offers results in resources not being sufficiently distributed among the students
and decreasing the value of the education the university provides (Green). In
contrast, offering admission to too few students harms the competitive nature
of the honors program, which should provide a close-knit community of stu-
dents who perform better academically than their counterparts and go on to
receive valuable research opportunities and internships (Cosgrove). Honors
programs also incentivize students to achieve better grades and to participate
in more challenging classes and extracurricular activities than their peers.

Example Student

To illustrate the process of predicting the probability that a student will
enroll after an offer of admission, we will describe the individual characteris-
tics of a sample student. The values for each characteristic are random. The
sample student will have the following characteristics:

HSGPA: 4.2
SAT Score: 1380

Intended Major: Accounting

* Residency Location: 1 (from the region in which the university is
located)
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* Gender: Female
® Race: African American

* Socioeconomic Status: From school with 30% free or reduced lunches.

Academic Credentials

This honors program in this case study determined an academic perfor-
mance threshold that seemed reasonable and contained most of the students
who had previously accepted enrollment offers from the institution. The
academic performance threshold is simply a way to define the high school
academic performance of incoming students. Students who held academic
credentials higher than this threshold most likely would choose to attend dif-
ferent types of institutions, perhaps with higher academic requirements for
acceptance. The threshold used in this case study was derived by conducting
simple analysis on the distributions of GPA and SAT scores from students
who accepted enrollment offers. The purpose of this stage in the case study
was to provide the honors program with a target audience that would be most
responsive to scholarship and enrollment opportunities. The program would
also need to recruit more students above the threshold in order for the target
number of students to attend.

GPA

Grade point average has historically been highly predictive of a stu-
dent’s performance in higher education and is an important component of
all admissions criteria, especially for honors admissions. Not only do high
school GPAs provide insight into students’ capabilities, but they also indicate
the amount of effort that students apply to their studies (Belfield & Crosta).

The honors program in this case study conducted an analysis of the range
of GPAs among applicants who received enrollment offers. First, we had to
partition the data into ranges, or bins, for analysis, and we tried to pick ranges
that would have enough students to be significant but would be small enough
to provide predictive power and granularity. Bin ranges were created with the
primary goal of maintaining range uniformity and the secondary goal of hav-
ing a similar but significant number of students in each bin.

Bin ranges are important because they divide the data into describable
categories that contain information about a certain subsection of the data.
For honors directors to determine their optimal bin ranges, they first find
the distribution of GPAs among their accepted applicants. Some universities
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experience a bell-curve type of distribution in which most of the applicants’
GPAs are near the average while others observe skewed distributions with
high or low GPAs.

Directors can create bins that contain uniform or cut-off ranges of GPAs
while maintaining a similar number of students in each. Sorting the bin ranges
in ascending order in a spreadsheet allows directors to easily determine the
acceptance rates of each range. After sorting the spreadsheet so that each
range is in the correct order, directors can find the acceptance probabilities for
students in each range by averaging the students’ acceptance responses. With
0 denoting a student who did not accept an enrollment offer and 1 signifying
a student who did, averaging the series of 0’s and 1’s gives honors directors
the acceptance probabilities of each range, which is simply the proportion of
students in each sub-category.

Table 1 shows the results of the bin range analysis conducted by the sub-
ject honors program. As the applicant pools for each honors program are
different, honors directors who conduct similar analyses may experience dif-
ferent results For this honors program, the first two bin ranges are extended
0.19 points to capture enough applicants in each. However, bins 3-10 each
contain a uniform GPA range of 0.09 points. Column 3 indicates the num-
ber of students who earned a GPA within each range, and the fourth column
contains the percentage of students within the range who accepted enroll-
ment offers from the honors program. Percentages in Column 4 represent the

TaBLE 1. SusJEcT HONORS PROGRAM’Ss GPA RANGES AND THE
PRroBABILITIES OF OFFER ACCEPTANCE ASSOCIATED

wiTH EAcH

Bin GPA Offers Acceptance Probability
1 3.81-4.0 38 50.0%
2 4.01-4.2 39 28.2%
3 421-43 36 50.0%
4 4.31-4.4 37 21.6%
S 4.41-4.5 56 32.1%
6 4.51-4.6 63 21.0%
7 4.61-4.7 69 21.7%
8 4.71-4.8 5§ 32.7%
9 4.81-4.9 54 20.4%

10 4.91-5.0 28 32.1%

220



ForecasT To PReDICTION

probability that a student within that GPA range will enroll in the university.
As GPA is not the only factor affecting predicted acceptance, these probabili-
ties will be combined with probabilities derived from other factors to find
cumulative individual probabilities. Honors directors can replicate the table
above to summarize their results.

For our example student, we can calculate the probability of acceptance
given her GPA of 4.2. Table 1 indicates the probability of her acceptance as
28.2% (bin 2). The bin from which this probability is derived is highlighted in
Table 1 above, as will be true for the example student in all the Tables.

SAT Score

Compared to GPAs, some see SAT scores as a more direct measurement
of an incoming freshmen’s academic ability (Hannon & McNaughton-Cas-
sill). Like high school students with high GPAs, students who earn high SAT
scores are more likely to attend more competitive schools, leaving the middle-
and lower-tier schools to compete aggressively for students with high SAT
scores who do not attend upper-tier universities (Camara & Echternacht).
Most universities can improve their recruitment techniques and resources for
future incoming classes by knowing the probabilities of acceptance by stu-
dents who earn certain SAT scores.

The process of creating the analysis for SAT scores and ranges is identi-
cal to the technique used for GPAs. First, honors directors can develop their
own bin ranges based on the distribution of their data. Then, averaging the
series of 0’s and 1’s in each bin range gives the probabilities of acceptance by
students who earn SAT scores within those ranges. Table 2 shows the bins
and the probabilities found by the subject honors program. Again, this table
is merely a representation of the data that can be found by other programs,
so the results will vary for each institution. The bin ranges were chosen to
capture the best ranges with a similar number of observations in each. In
the final analysis of individual probabilities, the percentages in this table will
be combined with the GPA probabilities along with the percentages in the
demographic variables.

For our example student, we can calculate the probability of acceptance
given her SAT score. She had an SAT score of 1380, so the probability of her
acceptance is 18.1% (bin S).
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Demographic Information
Gender

The first demographic variable that honors directors can leverage is
gender. While there is little informative potential in studying gender distribu-
tions, directors can optimize their offer pools based on how many students of
each gender they wish to attract in each class. As female students are the most
numerous on most college campuses, including the one in this study, hon-
ors directors can adjust their populations by determining the probabilities
of acceptance for each gender. According to the subject university’s diver-
sity website, 56% of the student population was female during the fall 2016
semester. Table 3 shows the genders and their probabilities for the subject
honors program.

Honors directors can divide the dataset into male and female categories
to average the acceptances. With 0 meaning a student did not accept and 1
meaning a student did, the average of the 0’s and 1’s gives the probabilities
listed in the table. This university sees that females are more likely to accept

TaBLE 2. SusJEcCT HONORS PROGRAM’s SAT ScorRe RANGES AND
THE PROBABILITIES OF OFFER ACCEPTANCE ASSOCIATED

wiTH EAcH
Bin SAT Score Offers Acceptance Probability
1 1150-1300 61 49.2%
2 1300-1330 42 23.8%
3 1330-1350 83 32.5%
4 1350-1370 57 26.3%
S 1370-1390 83 18.1%
6 1390-1420 83 32.5%
7 1420-1460 67 25.4%
8 1460-1600 42 16.7%

Note: For Clarity, ACT Scores Have Been Converted to SAT Equivalents.

TaBLE 3. GENDER DISTRIBUTION AND ACCEPTANCE PROBABILITIES
ofF EAcH GENDER AT THE ExaAMPLE HONORS PROGRAM

Female 332 29.2%
Male 186 27.4%
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enrollment offers, but other programs may experience different results. The
individual probabilities of male and female students will be combined with
their academic credential probabilities along with the rest of the demographic
variable probabilities.

We can calculate the probability of the example student’s acceptance
based on gender as 29.2%.

Race

Studying applicant pool race distributions provides a similar value as
gender distributions. As campus diversity and inclusivity continue to emerge
as important issues in college programs, directors can use acceptance proba-
bilities to reach target populations (Hurtado). The example university’s racial
distribution is heavily concentrated in White students, who made up 84% of
the student population in the fall 2016 semester. The next most represented
racial group was Hispanics, who represented 4% of the student population.
Table 4 shows racial distribution represented in the honors applicant pool
and the probabilities that each would accept an enrollment offer. In the final
cumulative probabilities, race will be included among the demographic vari-
ables, which will be weighed with the probabilities derived from the academic
credentials.

Our example student is African American, so the probability that she will
accept enrollment is 33.3%.

Major

The intended majors of honors applicants can also provide valuable
information in predicting individual acceptance rates. As some universities

TaBLE 4. RacIAL DiSTRIBUTIONS IN THE STUDIED HONORS
PROGRAM AND THE OFFER ACCEPTANCE RATES OF

EAcH RAcE
Race Race Code  Offers Acceptance Probability
White 0 4585 28.8%
African American 1 9 33.3%
Asian 2 14 7.1%
American Indian 3 13 23.1%
Hispanic/Mixed 4 18 27.7%
Hawaiian/Pacific Islander S 1 0.0%
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are renowned for particular programs of study, the probability that a stu-
dent will attend a university based on major is a vital piece of information.
Renowned programs are a university’s points of pride, and directors recog-
nize their prominence in creating higher acceptance rates. The university in
this case study has a number of points of pride that anecdotal data suggest

attract students:

Accounting: This university’s accounting students consistently boast
some of the highest CPA pass rates in the nation. Accounting firms in
the southeastern region of the United States aggressively recruit stu-
dents from this school.

Anthropology: This university maintains the largest undergraduate-
only anthropology program in the state, and it is ranked third among
the state’s anthropology programs.

Economics: The economics program is globally ranked in experimen-
tal and environmental economics. Economics students consistently
win regional and national tournaments on economics topics.

Sustainability: As the university is located in a mountainous region
that affords opportunities to observe the natural environment, many
students attend for the sustainability programs, which are nationally
ranked on affordability and value measures.

Geology: Like the environmental science program, the geology pro-
gram attracts students who appreciate environmental education and
outdoor activities. Geology majors are highly competitive in obtain-
ing employment after graduation.

Math Education: Founded as a normal/teacher’s school, the univer-
sity has a long reputation of maintaining a premier education program
in the region. This program produces the most high school math
teachers in the state.

Music Education: The music program contains the state’s Band of
Distinction, an award it has earned consistently over the past few
decades. Graduates from this program enjoy almost 100 percent job
placement.

Determining points of pride is achievable through a good understanding
of a university’s strengths and weaknesses. For an honors director new to a
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particular school, looking at the university’s promotional materials and talk-
ing to faculty, parents, and prospective students might help with this process.

There may also be majors or programs that could make a student less
likely to enroll. For example, a performing major that does not offer what
students are looking for decreases the likelihood of their attendance. The
example university does not offer an engineering degree, so students who
want to be engineers are unlikely to attend. Likewise, an intended major in
marine science is a negative indicator given the distance to the ocean and
lack of a course of study in that area. Undecided majors might tell us some-
thing else. Again, the historical data can give a probability for each group of
intended majors.

Table S shows a few of the university’s departments, the number of stu-
dents in each, and the probabilities of acceptance for each. The points of pride

TasLe 5. SusJecT UNIVERSITY'S PoINTS oF PRIDE oR WEAKNESS,
Acapemic DEPARTMENTS, AND ACCEPTANCE
ProBABILITIES FOR EACH

Broader Departments Acceptance
A few Specific Areas Taxonomy Offers  Probability
Accounting 7 14.3%
Anthropology 9 44.4%
Engineering 11 0.0%
Sustainability 16 31.3%
Geology 4 25.0%
Math, Secondary Education 7 71.4%
Music Education 14 50.0%
Undecided 50 20.0%
Education 25 32.0%
Business 32 25.0%
Theoretical Sciences 117 24.8%
Applied Sciences 33 36.4%
Fine Arts 26 38.5%
Applied Arts 9 44.4%
Environmental Science 11 9.1%
Outdoors 23 30.4%
Humanities 5§ 30.9%
Behavioral Sciences 63 30.2%
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and weaknesses are listed separately from the department codes to analyze
acceptance probabilities based on what the university is known for. The num-
bers of students in the majors are then subtracted from the total number of
students in all the departments; for instance, the business college (depart-
ment code = 2) had a total of 39 applicants, but seven of them intended to
become accounting majors so the number of intended business majors listed
is 32. After arranging these areas into subsets unique to each school, hon-
ors directors can determine acceptance probabilities by averaging the 0’s
(students who did not accept) and 1’s (students who did accept). These prob-
abilities will be combined with the probabilities of the other variables.

In probability estimates, however, caution should be exercised to make
sure the sample is a large enough in each category to make a generalized state-
ment, perhaps by including data from previous years. The major alignment is
one of the areas that has the most variability in matriculation rates and thus
has the potential to be a significant indicator if the variability holds up over
time.

The example student has indicated accounting as her desired major, so
her probability of accepting enrollment is 14.3%.

Location

Location preferences and residency information are also important fac-
tors in a student’s decision to accept an enrollment offer. Since the example
university is located in a mountainous region, its candidates are likely to
be interested in this environment. The university’s reputation as a strongly
performing regional university also attracts students from other states and
countries. However, students from out of the state or country are among the
least likely to attend.

While schools vary, this university’s honors director found eight location
distinctions, listed in Table 6. One distinction, region code = 0, is out-of-state
and international students, who had similar matriculation rates in our sample.
An honors director can look at various regions to see if they have different
matriculation rates, aggregating those that are similar. This information can
help determine where to spend scarce recruiting resources. Honors direc-
tors can determine region codes based on the size of the states in which they
operate, the proximity of their location to other states and universities, and
the populations of their states and regions. After determining the best region
codes, finding the probabilities that students from these regions will accept
enrollment offers is a matter of averaging the corresponding 0’s and 1.
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We can calculate the probability of the example student’s acceptance
given her residency location. She is from Region 1, the region in which the
university is located, and so her probability of accepting enrollment is 50%.

Socioeconomic Status

Students’ socioeconomic status also provides information about their
potential behaviors. The free and reduced lunch rates of the high schools that
candidates attended are public data and can be a proxy for socioeconomic
status. This information is generalized to a school’s attendance zone, but it pro-
vides some potential cohort effects and information about life expectations.

In cohort effects, potential candidates are influenced by those peers who
are not as likely to attend (Ransdell). This information provides an honors
program with the likelihood that students from an area of low socioeco-
nomic status will attend the university, and it signals a potential future need
for scholarship opportunities and financial aid. Honors directors can use this
information to leverage their financial resources in attracting desired students
from underprivileged or affluent areas.

To determine the free/reduced lunch percentage (FRLP), the example
honors program downloaded the state’s free and reduced meals application
data from the State Board of Education website which can be done in any
state through a quick browser search for “free/reduced lunch applications in
(insert state here).” The percentages found for each high school can then be
matched with the students who attended them.

TaABLE 6. OBSERVED REGIONS FROM WHICH STUDENTS APPLY
TO THE SUBJECT UNIVERSITY AND THE ACCEPTANCE
ProBABILITIES FROM EACH

Region Code Number Probability
0 120 15.8%
1 18 50.0%
2 8 50.0%
3 28 42.9%
4 61 34.4%
S 150 21.3%
6 120 38.3%
7 13 38.5%
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Table 7 shows the results from the subject honors program’s analysis of
free/reduced lunch percentage effects on acceptance probabilities. Bin ranges
that are mostly uniform with similar numbers of observations were created
for this analysis. The honors program received a large number of applicants
from schools with 0% free/reduced lunch, forcing the creation of a bin that
only contains students from those schools. The probability of offer accep-
tance seems to increase as the FRLP increases, indicating that students are
more likely attend this program given its lower cost compared with other pro-
grams in the region.

We can calculate the probability of the example student’s acceptance as
35.8% given the free/reduced lunch percentage at her high school of 30%.

THE COMBINED PREDICTION FORMULA

After determining optimal bin ranges and acceptance probabilities in
each indicator, combined probabilities can be computed for each individual.
The result is a spreadsheet that calculates the probability that a student or
group of students will accept an offer from the program. Table 8 shows the
cumulative probabilities for five applicants as an example. The SID column
presents anonymous ID numbers applied to students to make the analysis
possible. The GPA through Gender columns contain the acceptance prob-
abilities that each student has based on the bin or category it is in.

For the sake of simplicity, we used an average of the probabilities indi-
cated by each of the factors discussed earlier for the Cumulative Probability
column. A more sophisticated analysis might assign weights to each variable.
However, the goal was to provide some basic techniques to demonstrate
their usefulness. For our example, the values in this column will provide the

TaBLE 7. FRee/Repucep LuNcH PERCENTAGE BIN RANGES AND
THE OFFER ACCEPTANCE PROBABILITIES OF EACH

Bin FRLP Number Probability
1 0% 110 19.1%
2 1-10% 46 23.9%
3 11-20% 86 27.9%
4 21-30% 67 35.8%
S 31-40% 94 29.8%
6 41-50% S5 38.2%
7 51-80% 60 31.7%

228



ForecasT To PReDICTION

probabilities that students will accept enrollment offers from the honors pro-
gram. The “Accept?” column denotes whether the student actually accepted
an enrollment offer. Honors directors can easily create this table in several
ways. First, Excel VLOOKUP offers automated database input capabilities.
With Tables 1 through 7 in separate spreadsheets or tabs in Excel, directors
can use VLOOKUP to direct their software to place information from those
tables into a table like Table 8. Using the SID numbers to provide a reference
for the software, the process is fairly simple and quick.

Directors can also manually input the information from Tables 1 through
7 into a Table 8 format. This method is more time-intensive with copying and
pasting but easy for smaller data sets if there is no interest in programming the
VLOOKUP feature. Either way, converting the probabilities from each vari-
able into cumulative probabilities is a process as simple as averaging a series
of numbers.

Determining cumulative probabilities enables honors directors to opti-
mize their enrollment pools. With a target number of students for an incoming
class, an honors director can better identify the number of students who will
receive enrollment offers to build the program that best serves the students
and university goals. Table 8 allows directors to determine how many students
are likely to accept offers based on the average probabilities. This number is
derived by simply adding the cumulative probability columns together. Table
9 shows this process in action using the sample probabilities in Table 8.

As Table 9 shows, offering these five students enrollment into the honors
program would yield 1.4S of them actually accepting. Obviously, the num-
ber of students who accept offers must be whole, but using this method gives
honors directors a more detailed prediction of how many students will accept
overall along with the specific probability of acceptance for each student.

TaBLE 8. CumULATIVE PROBABILITIES THAT STUDENTS WILL
Accept ENROLLMENT OFFERS BASED ON ACADEMIC AND
DemoGRAPHIC FACTORS

Cum.
SID GPA SAT Location Major FRLP Race Gender Prob. Accept?

0001 | 0.282 [ 0.181 | 0.1S8 | 0.302 | 0.191 | 0.288 | 0.292 | 0.242 0
0002 | 0.321 [ 0.325 | 0429 | 0302 [ 0.317 | 0.288 | 0.292 [ 0.325 0
0003 | 0.282 [ 0.181 | 0.385 | 0.500 | 0.358 | 0.288 | 0.274 | 0.324 1
1
1

0004 | 0.280 [ 0.167 | 0.158 | 0.200 | 0.279 | 0.288 | 0.292 | 0.238
0005 | 0.210 [ 0.325 [ 0.383 | 0.364 | 0.382 | 0.283 | 0.292 | 0.321
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With a complete dataset, an honors director can hone the model by updat-
ing the probabilities as each student accepts or rejects an offer. Directors can
continue to offer enrollment to students until the total number is equal or
approximately equal to their desired acceptance pool.

Furthermore, honors directors can repeat this process for each group so
that they can have the probability, for instance, of all science students or a
certain ethnic group and predict the total enrollment from each category. This
approach makes it easier to manage diversity and program goals.

Example Student Cumulative Acceptance Probability

An example was given of each factor for calculating the acceptance prob-
abilities of an example student. Table 10 outlines the individual probabilities
for each factor and the cumulative probability that this student will accept
enrollment. The cumulative acceptance probability is calculated by summing
the probabilities for each factor and then taking the average.

The probability that this student will accept enrollment at the subject
university is 0.324.

TaBLE 9. THE ToTAL NumBER OF STUDENTS WHO WiLL ACCEPT
AN ENROLLMENT OFFER BASED ON THEIR CUMULATIVE
PROBABILITIES

SID Cumulative Probability
0001 0.242
0002 0.325
0003 0.324
0004 0.238
0005 0.321
Total 1.45

TaBLE 10. CoMmBINING THE FACTORS FOR AN INDIVIDUAL
PReDICTION FOR EACH STUDENT

Sample H.S. SAT Predicted
Student GPA  Score Gender Race  Major Loc. FRLP Cum.Prob.
Value | 4.2 1380 | Female | AA | Accounting | I 30%
Prob. | 0.282 | 0.181 | 0.292 (0333 0.143 0.5 | 0.538 0.324
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Examining Probabilities for Distinct Groups

Honors directors may want to increase the diversity of their student
pool, which is a precarious balancing act if the diversity of many factors is
addressed. Two examples might help illustrate the utility of predicting the
number of offers required to ensure a certain number of students from vari-
ous backgrounds.

Some honors directors may feel pressure to offer admissions to students
intending to study a specific major. For example, if 10 honors students are
required to enroll in accounting, the director could use the average acceptance
rate for students intending to enroll in accounting to estimate how many offers
they need to make. In subject university, the enrollment acceptance probabil-
ity for a student intending to study accounting is 14.3%, meaning that the
honors director would need to make approximately 70 offers to accounting
majors to ensure that 10 would enroll.

The same method can ensure a healthy mixture of students from varying
ethnic backgrounds. For example, an honors director may want to increase
the number of Hispanic students. For the subject university, the acceptance
probability of Hispanic/mixed students is 27.7%. Should the honors director
need to increase the number of Hispanic honors students by 10, an additional
36 offers to Hispanic students would be required. In other words, if we multi-
ply 36 offers of admission by the probability of enrollment, approximately 10
students will enroll.

CONCLUSION

A data-driven predictive approach can give honors directors information
about which potential candidates might accept an offer of admission to their
program, moving the process from a simple forecast to an individual predic-
tion. Using this information can help honors directors make more informed
decisions as they build their cohort.

While the method we have outlined is likely more sophisticated than
many honors programs are using, it is not a perfect system. An ambitious
honors director might take the analysis farther by using more predictive
analysis, such as a decision tree or logistic regression algorithm to develop a
segmented or weighted prediction that would balance the effect of each indi-
cator variable and adjust for its importance. Once the data are collected, this
approach could be completed relatively easily, but it is beyond the scope of
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this paper. However, even our entry-level approach should improve on classi-
cal models of enrollment management.

Different schools have distinct factors that are important to them and
their prospective students. The example provided is a guide for identifying
those factors that can help predict what each individual applicant might do.
Directors will want to update their model regularly as student populations
change and new data come in.

While data analytics allow an honors director to hone acceptance proce-
dures and present offers to applicants who are most likely to accept, they need
adjustment for ethical considerations in order to create a fair and accurate
procedure. An honors program should not turn qualified students away just
because they do not match the typical matriculant. Diverse student popula-
tions do not always fit even the best statistical model. One way to avoid the
ethical dilemma of making offers based on inherent demographic qualities
would be to fill quotas based on the candidates most likely to accept an offer.
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